Knowledge about biological shape has important implications in biology and biomedicine, but the underlying genetic mechanisms for shape variation have not been well studied. Statistical models play a pivotal role in mapping specific quantitative trait loci (QTLs) that contribute to biological shape and its developmental trajectories. We describe and assess a statistical framework for shape gene identification that incorporates shape and image analysis into a mixture-model framework for QTL mapping. Statistical parameters that define genotype-specific differences in biological shape are estimated by implementing statistical and computational algorithms. A state-of-the-art procedure is described to examine the control patterns of specific QTLs on the origin, properties and functions of biological shape. The statistical framework described will help to address many integrative biological and genetic questions and challenges in shape variation faced by the life sciences community.
INTRODUCTION
Shape variation is one of the most conspicuous characteristics of an organism's phenotype and provides an intricate link between biological structure and function in changing environments [1, 2] . For many centuries, comparing the anatomical and shape feature of organisms has been a central element of biology, founding several key theories of Darwin's evolution [3] [4] [5] [6] [7] [8] [9] . Despite tremendous efforts made to unravel the molecular and developmental regulation of biological shape [10] [11] [12] [13] [14] , our understanding of the genetic mechanisms underlying shape variation is still limited. It is clear that the variation of morphological structure and shape involves a genetic component [6] [7] [8] [15] [16] [17] , but the way by which genes influence shape variation in response to environmental changes has not been addressed [1, 2] . To adapt to fast moving currents in open streams, for example, a fish needs to have a spindle-shaped body, whereas in slow currents, the fish should be lozenge-shaped ( Figure 1 ) [18] . Under long-term natural selection, the fishes in these two environments have evolved into two distinct species [19] . Genes may have played an important role in accelerating this process of adaptation and evolution by producing tremendous diversity in body shape.
Genetic mapping has proven a powerful means of identifying specific genes involved in biological shape. Using this approach, specific quantitative trait loci (QTLs) have been detected for morphological shapes in mice and Drosophila [17, [20] [21] [22] [23] [24] [25] . These QTL studies, although providing many promising results, were based on a simple geometric analysis and, thus, did not intend to resolve the inherently complicated structure of a biological shape. Fu et al. [26] developed a binary model for shape mapping based on computer-simulated black and white shape data. Langlade et al. [27] used 19 representative points for a leaf to map the QTLs that control the allometry of leaf shape and pioneered the integration of shape QTLs with interspecific divergence and evolution. The development of more sophisticated approaches for shape mapping has been made possible by integrating recent technologies in high-throughput genotyping, statistical and computing infrastructure, and shape and image analysis [28] .
In this article, we review several shape analysis approaches and show how these approaches can be integrated with molecular markers through a genetic mapping framework by which shape QTLs can be mapped more precisely than traditional approaches. In his seminal review, Klingenberg [17] provided an insight into the evolution of development through the quantitative genetic analysis of shape. As a complement to Klingenberg's review, we here provide a cohesive combination of genetic, statistical and shape analysis to study the genetic control of shape variation.
GEOMETRIC MORPHOMETRICS
Traditional multivariate morphometric approaches are based on quantitative variables, such as length, Figure 1 : Diversity in fish shape adapted to different environments. It has been well known that fishes exhibit a fusiform-shaped body in fast moving currents in open streams, whereas fishes tend to have deeper shapes in pools with slow currents. Intermediate shapes are poorly adapted to both environments. These two sharply contrast types of fishes originated in the same ancestry [19] .
width, height, ratio and angle [29] . Although these approaches have been instrumental for analyzing shape variation related to ecological, evolutionary and developmental studies [30] , they contain little information about the spatial distribution of shape changes across the organism. This drawback makes it less useful to elucidate a comprehensive picture of shape variation using traditional morphometric approaches.
Geometric morphometrics (GM) has risen as a powerful tool for studying shape variation in the early 1980s [5] , inspired by the work of Darcy W. Thompson [3] who detected shape changes in a Cartesian coordinate system by determining, analyzing and connecting meaningful anatomical landmarks of the organism. A set of landmarks are chosen to represent a shape of an object, distributed homogeneously on the organism and bearing some biological meaning [3] [4] [5] [6] [7] [29] [30] [31] [32] [33] [34] . By filtering location, scale and rotational effects out from an object, shape can be aligned, described and compared [35] . Several landmark-based methods have been proposed for shape alignment, including a Procrustes analysis [36] .
For many biological shapes, however, it is not possible to identify landmarks, in which outline analysis [37] is used as an alternative. Outline analysis is used under the following conditions: (i) when landmarks are not available, one can record a high number of positions along the contour of the object studied; (ii) one can use a mathematical function to fit these ordered points; and (iii) differences between shapes can be studied through the analysis of the mathematical descriptors fitted to them. Outline analysis has many different methods (Figure 2 ), which are 'Eigenshape' analysis [38] , standard Fourier descriptors [39] and Elliptic Fourier analysis [40] [41] [42] [43] [44] [45] .
In what follows, two different geometric morphometric approaches based on landmarks and outlines, as well as their applications to the genetic mapping of shape, are reviewed. We will descriptively review the landmark-based approach, as its technical detail has been given in Fu et al. [28] . Our focus will be on outline analysis and the way of how it is used for shape mapping.
Landmark-based analysis
In landmark-based GM, shape is summarized as a landmark configuration, i.e. a constellation of discrete anatomical points, each described by 2D or 3D Cartesian coordinates. All these points should be arguably homologous in all individuals studied, which can together reflect the spatial information of shape. To provide a comprehensive description of shape, enough landmarks should be found. In practice, landmark coordinates can be extracted from a digital image of a specimen using particular software, such as tpsDis, ImageJ or ScionImages [46] .
In addition to anatomical landmarks that are identifiable points on an object, there is another type of landmarks, called semilandmarks. Semilandmark points are arbitrarily arrayed along an outline that captures information about curvature. The summary of shape can better be described by incorporating semilandmarks into a landmark configuration, and this incorporation has increasingly become routine in geometric morphometric analyses [46] .
All shapes need to be aligned, to remove the information that is not about shape. Shape alignment is a process by which to establish a coordinate reference for all shapes with respect to position, scale and rotation, commonly known as pose. One method for minimizing variation caused by pose is Procrustes superimposition [35] . This approach translates the centroid of the shapes to (0, 0), where the x and y coordinates of the centroid are the average of the x and y coordinates of the landmarks of an individual, respectively. All shapes are then scaled to unit centroid size, defined as the square root of the summed squared distances of each landmark to the centroid. The landmark configuration is rotated to minimize its deviation from a reference, typically the mean shape. In the case of semilandmarks, where shape space is curved, shapes are projected onto a space tangent to shape space. When a population of shapes is superimposed, we can use a generalized orthogonal Procrustes analysis (GPA) to undertake complete the alignment as described earlier in the text [35] .
In an example by Fu et al. [28] , semilandmarks are arrayed on the boundary of shape, assigned by its geometrical property. To make a one to one correspondence between semilandmarks of one shape and all other shapes, they described the points on the boundary spaced at equal radial angle y ¼ 2p=m, where m is the number of points. They calculated so-called radius-centroid-contour values to describe shape accurately and robustly. The readers are referred to Fu et al. [28] for a detailed description of landmark-based geometric morphometric analysis.
After shapes are aligned, many multivariate statistical approaches can be used to decompose the original high-dimensional space into a space of reduced dimension. Principal component analysis (PCA) is one of such powerful approaches, which removes redundant information by mapping the high-dimensional data to the subspace that best account for the distribution of the original pattern. Each axis on a PCA plot stands for an eigenvector of the covariance matrix among shape variables. The first axis accounts for maximum variation in the sample, whereas further axes represent other ways in which the samples vary. Apart from exploring patterns of variation, statistical methods have been available to test hypotheses about factors that affect shape and to visualize their effects.
Outline analysis
Landmark-based analyses have some limitations [46] . First, there are some objects in which meaningful landmarks are hardly available. Second, the Procrustes superimposition may be susceptible to the 'Pinocchio effect', in which the least-squares rotation used makes large differences at one or a few landmarks smear out over many landmarks. Third, a pattern of covariation on the landmarks may be imposed by the superimposition. To overcome these drawbacks, an alternative, e.g. outline analysis, has been developed.
One of outline analysis approaches is elliptic Fourier (EF) analysis that uses a 'Fourier series' of ellipses to approximate the object's outline [39] [40] [41] [42] [43] [44] . The contour of a digitized shape with a closed outline is delimited by a finite number of semilandmarks (say K), spaced clockwise at equally spaced radii, having each point described by x and y coordinate ( Figure 2 ). Sampled semilandmarks along the outline are fitted by a periodic function derived from the discrete Fourier transform. Fourier transforms decompose and analyze periodic signals (or functions) into a weighted sum of simpler sinusoidal component functions. Consider an arbitrary semilandmark as a starting point. Let T denote the perimeter of the outline, which can be viewed as the period of the signal. Thus, the coordinate sequence x and y at a random semilandmark, k (k ¼ 1, . . . , K), whose curvilinear abscissa is t k (t k ¼ 0, . . . ,T), are described by the EF expansion, expressed as
where r is the number of harmonics; t k is the accumulated length of step segments at point k ( Figure 2) ; T ¼ t K is the perimeter expressed as the sum of lengths of all steps around the outline; a 0 and b 0 are the coordinates of the centroid of the configuration estimated by
a r and b r are Fourier coefficients of the rth harmonics for coordinate x
c k and d k are Fourier coefficients of the rth harmonics for coordinate y
In Equations (4-7), Áx k ¼ x(t kþ1 ) -x(t k ) and Áy k ¼ y(t kþ1 ) -y(t k ) are the displacements between semilandmark k and k þ 1 along the x and y axis, respectively, and Át k is the length of the step k and k þ 1.
Fourier series for sines are related with objects asymmetry, whereas those with cosines are related with objects symmetry. The number of Fourier coefficients obtained from contour analysis depends on the number of harmonics used. The first harmonic defines an ellipse that best fits the outline, whereas harmonics of higher order correspond to smaller ellipses. The number of desired harmonics R needed for reconstructing the outline is equal to half the number of sampled semilandmarks [47] , but one usually uses fewer harmonics than half the number of original sampled points to fit a given outline with some reliability. This can be assessed by the goodness-of-fit using the sum of squared distances between the original data and reconstructed outline. Parameter vectors : x ¼ (a 0 , a 1 , b 1 , . . . , a R , b R ) for x coordinates and : y (c 0 , c 1 , d 1 , c R , d R ) for y coordinates can now be used to provide an accurate description of shape outline.
EF coefficients can be mathematically normalized for shape and rotation invariance by determining the contour starting point. According to Kuhl and Giardina [39] , we have the standardized coefficients as where A r , B r , C r and D r are the EF standardized coefficients, scale
is the magnitude of the semimajor axis of the ellipse defined by the first harmonic, with
the second right term in Equation (8) corresponds to the orientation of the first ellipse, with the rotation angle
the third in (8) to the original harmonic coefficients; and the last in (8) to the rotation of the starting point to the end of the ellipse, with a rotation angle of
In sum, standardization was based on the first harmonic ellipsis. E Ã and c represent the length and direction of the main axis, respectively, of the first harmonic ellipsis, whereas y corresponds to the position modification of the first harmonic radius vector. The EF standardized coefficients are used to map QTLs for shape variation.
SHAPE MAPPING
We have reviewed two major approaches for shape analysis, by which a low dimension of informative shape variables can provide an accurate and robust description of shape. Here, we show how these variables can be incorporated into a genetic mapping framework in which specific QTLs for shape variation can be mapped.
Mixture model and computing algorithms
A segregating population is prerequisite for mapping trait QTLs. Consider a mapping population that contains n individuals all genotyped for a panel of molecular markers throughout the genome. Meanwhile, the shape of an organ, such as leaf, is measured for each individual by taking a digital photo of representative leaves. As the model for shape mapping based on a landmark-based approach has been proposed [28] , we will focus on shape mapping using an outline-based approach.
Suppose a vector of shape representation has been extracted from the image of shape, with a total of K semilandmarks that are used to specify the shape of individual i. Let (x i , y i ) ¼ (x i (1), y i (1), . . . , x i (K), y i (K)) denote x-and y-coordinates on the curvature of shape for individual i. We assume that there are multiple QTLs that control morphological shape, which generate a total of J QTL genotypes. Although we cannot observe these QTL genotypes directly, they can be inferred from the markers (M) that are linked to the QTLs. For this reason, the basic statistical model for QTL mapping is a mixture model, in which each observation (x i ,y i ) is assumed to have arisen from one of the J QTL genotypes, each genotype (j) being modeled from a density function (frequently a normal distribution is assumed). Thus, the likelihood of Y is expressed as
where o is composed of mixture proportions o jji of individual i carrying a QTL genotype j, f j is a set of parameters that describe a vector of expectation values specific to a QTL genotype j, Z is a set of parameters that model the covariance structure common to all genotype groups and f j (x i ,y i jf j ,Z) is the probability density function of observations for individual i at QTL genotype j. The mixture proportions (o jji ) of each QTL genotype j in likelihood (13) are described in terms of the recombination fractions for a cross population [48] or the allele frequencies at the markers and QTLs and their linkage disequilibria (LD) for a natural population [49] . The size of LD reflects the degree to which the markers and QTLs are associated. In f j (x i ,y i jf j ,Z), we need to model genotypespecific mean vectors and covariance structure. Mean vectors of x-and y-coordinates for QTL genotype j over K semilandmarks are expressed as
where F j (Á) in Equation (15) is EF Equations (1) and (2) The covariance structure among K points can be modeled by autoregressive [50] and antedependence models [51] . These models have proven powerful for modeling the structure of covariance in an efficient and parsimonious way using a few parameters. The EM algorithm can be implemented to estimate QTL genotype-specific Fourier parameters [52, 53] and the parameters that model the covariance structure, as well as the marker-QTL linkage or linkage disequilibrium [48, 49] . This algorithm is composed of the two iterative steps, E step, in which the posterior probability of an individual taking a specific QTL genotype is calculated, and M step, in which the posterior probability is used to estimate QTL and model parameters. A procedure has been available to estimate the sampling errors of the estimates of the QTL parameters [48] .
Hypothesis tests and shape reconstruction
Based on likelihood Equation (13), the existence of shape QTLs can be tested by using the following hypotheses: where the H 0 corresponds to the reduced model, in which the data can be fit by a single shape, and the H 1 corresponds to the full model, in which there exist multiple QTL genotype-specific shapes to fit these data. The test statistics for the aforementioned hypotheses are calculated as the log-likelihood ratio of the reduced to the full model. An empirical approach based on permutation tests is used to determine the critical threshold [54] . After the Fourier parameters are estimated, we need to normalize them using Equation (8) , allowing shape to be compared among different QTL genotypes. Normalized parameters : 0 xj ¼ (a 0j , A 1j ,  B 1j , . . . , A Rj , B Rj ) and : C 1j , D 1j , . . . , C Rj , D Rj ) are then used to reconstruct shape configurations for different QTL genotypes. There are several features of shape that may be related to some particular biological functions. It is interesting to test whether these features are controlled by QTLs. First, the genetic control of the length of the main axis of the first harmonic ellipsis is tested by formulating the null hypothesis.
Second, the genetic control of the direction of the main axis of the first harmonic ellipsis is tested by formulating the null hypothesis. Third, the genetic control of the position modification of the first harmonic radius vector is tested by formulating the null hypothesis.
Under each of these null hypotheses, the Fourier parameters can be estimated under the EM algorithm with the constraints specified by the equalities of the null hypotheses.
MODEL DEMONSTRATION
We perform a simulation study to demonstrate the use of shape mapping. Our simulation is based on a natural population in which shape QTLs are mapped using an outline analysis approach. For the landmark-based approach, the readers can refer to Fu et al. [28] . For clarity of model description, we assume one QTL for morphological shape, which is associated with a marker, with two alleles M (with a probability p) and m (with a probability 1 À p), through a linkage disequilibrium D. At the shape QTL, there are two alleles A (with a probability q) and a (with a probability 1 À q) that form three genotypes, expressed as AA (denoted as 1), Aa (denoted as 2) and aa (denoted as 3). The marker and QTL form four haplotypes MA, Ma, mA and ma, with the frequencies denoted as
respectively, where max (Àpq, À (1Àp)(1Àq)) D min(p(1Àq),  (1Àp)q) . The haplotypes from maternal and paternal parents unite randomly to generate nine marker-QTL genotypes. The conditional probabilities of a given QTL genotype j, conditional on a marker genotype for individual i, expressed as o jji in the likelihood Equation (1), can be calculated [49] . The observations of three genotypes at the marker are denoted as n 1 for MM, n 2 for Mm and n 3 for mm.
Assume that the QTL is segregating with parameter (p, q, D) ¼ (0.6, 0.7, 0.05) in the population. The QTL controls shape that can be described by four harmonics of Fourier series with parameters (a 1 , b 1 , . . . , a 4 , b 4 ) for x coordinates and (c 1 , d 1 , . . . , c 4 , d 4 ) for y coordinates. The phenotypic values for the shapes of 500 individuals were simulated by genotypic values of a particular QTL genotype (as shown in Figure 3 ) plus residual errors whose covariance structure follows the first-order autoregressive model. Tables 1 and 2 give the true parameters used for shape simulation.
The shape mapping model provides reasonably good estimates of all Fourier parameters for different QTL genotypes (Table 1 ). The allele frequencies of the marker and QTL and their linkage disequilibrium and the autoregressive parameters for the covariance structure can be well estimated. As expected, the parameters related to the QTL effects and QTL population genetic parameters can be more precisely estimated when the heritability of shape increases (Table 2 ). Figure 4 compares true shapes of different QTL genotypes with the shapes estimated, suggesting that QTL effects can be accurately estimated.
DISCUSSION
The phenotype of an individual is not only controlled by the environment where it grows but also by its genes. For example, different speeds of moving currents may alter the shape of the fish by which it is able to best adapt to changing environment [18, 19] . Genes are thought to play an important role in accelerating this speciation process [55] [56] [57] . In the past, the relative contributions of genes and the environment in shape variation have been studied from quantitative genetic approaches or QTL mapping [16, 17, [20] [21] [22] [23] [24] [25] , but most of these approaches have not taken full advantage of GM, thus limiting the statistical inference of the genetic architecture of shape. Shape mapping described in this article integrates GM into a genetic mapping strategy and will have an immediate application in practice. It enables evolutionary geneticists to address long-standing evolutionary questions such as when and how genes cause the same species to diverge into distinct morphological shapes, as shown in the fish example of Figure 1 [19] .
There are two categories of GM, landmark-and outline-based analysis. A standard protocol for analyzing landmark data based on Procrustes methods has been integrated into genetic mapping, leading to the identification of QTLs for leaf shape variation in a forest tree [28] . This article focuses on the implementation of outline analysis to map shape QTLs. In many aspects for describing shape diversity, the landmark-and outline-based approaches complement each other; thus, they can be used to address the questions related to the genetic control of different types of biological shape. Computer simulation shows that outline-based shape mapping can well be used in practice to identify specific QTLs for shape The simulation was repeated100 times with standard errors (SE) of the estimates given in parentheses. The simulation was repeated100 times with standard errors (SE) of the estimates given in parentheses.
variation. A general procedure was further given to test the genetic control of key features that determine shape variation. In addition, as semilandmark data can also be analyzed by using Procrustes methods, both landmarks and outlines are allowed to be combined in one analysis [9] . As a demonstration of shape mapping, we derived the model by assuming one underlying QTL for shape that is associated with one marker, although this assumption is too simple to be true in practice. Like general complex traits, shape involves a number of QTLs that operate in a complex way. To reflect this complexity, shape mapping should incorporate the latest discoveries in genetics, allowing sophisticated biological hypotheses to be addressed. The emerging field of evolutionary biology is to understand shape development with epistasis, i.e. non-additive interactions between gene products. The development of complex morphologies is the consequence of interactions among a multitude of genetic factors that trigger an impact on a certain step of trait development. In our previous work [58] , genetic mapping was derived with a closed-form for the joint estimation of quantitative genetic parameters (including QTL main effects, QTL epistatic effects, QTL positions and residual variance) and population genetic parameters (including allele frequencies, haplotype frequencies and QTL-marker association). By integrating this work with shape mapping, we can provide a powerful tool for studying the genetic architecture of morphological shape, helping bring shape mapping into the mainstream of biological research.
A growing body of evidence shows that the extent to which environment drives phenotypic changes, known as phenotypic plasticity [59, 60] , is also under genetic control. Until now, we have not been able to determine what kinds of genes determine phenotypic plasticity. A previous study measured variation in activity level for each of the $6000 genes found in yeast across a range of stressful environments [61] . Some genes varied enormously in their expression levels from one environment to the next, whereas others were relatively constant. That is, some genes were more plastic than others. The question of how these plasticity genes control environment-induced changes of morphological shape can now be addressed by shape mapping.
Key Points
Morphological shape results from interactions of parts in different orientations or positions and is thought to be an indicator of the underlying biological function in changing environments. As a phenotypic trait, shape is under joint control of genes and environment, but the dissection of the contribution of individual genes to shape variation has proven to be difficult given the complexity of shape structure and composition. We describe and assess a statistical framework that can map and identify QTLs underlying biological shape by integrating shape analysis theory into a QTL mapping setting. The framework provides a computational tool to characterize the genetic architecture of shape variation and infer the evolution of structural^functional relationships in a range of organisms. 
